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Abstract—Improving the functionality of prosthetic hands 
with noninvasive techniques is still a challenge. Surface elec-
tromyography (sEMG) currently gives limited control capabili-
ties; however, the application of machine learning to the 
analysis of sEMG signals is promising and has recently been 
applied in practice, but many questions still remain. In this 
study, we recorded the sEMG activity of the forearm of 11 male
subjects with transradial amputation who were mentally per-
forming 40 hand and wrist movements. The classification per-
formance and the number of independent movements (defined 
as the subset of movements that could be distinguished with 
>90% accuracy) were studied in relationship to clinical param-
eters related to the amputation. The analysis showed that clas-
sification accuracy and the number of independent movements 
increased significantly with phantom limb sensation intensity, 
remaining forearm percentage, and time since amputation. The 
classification results suggest the possibility of naturally con-
trolling up to 11 movements of a robotic prosthetic hand with 
almost no training. Knowledge of the relationship between 
classification accuracy and clinical parameters adds new infor-
mation regarding the nature of phantom limb pain as well as 
other clinical parameters, and it can lay the foundations for 
future “functional amputation” procedures in surgery.
Key words: myoelectric prosthesis, phantom limb pain, phan-
tom limb sensation, prosthesis, prosthetic hand, residual limb, 
residual limb length, robotic prosthesis, sEMG, transradial 
amputation.
INTRODUCTION
Most upper-limb amputations are transradial [1]. In 
order to recover some functional capabilities, subjects 
with transradial amputation can either use a kinematic 
prosthesis, in which the motion of the shoulders controls 
the opening and closing of a gripper, or rely on a myo-
electric prosthesis, in which the amplitude of the electri-
cal signals emitted by the remnant muscles in the residual 
limb is used to control a prosthetic hand. In most cases, 
the movements that the subjects can perform are limited 
to opening and closing. The range and complexity of 
movements can be increased by employing a sequential 
control strategy. Controlling such prostheses requires a high
Abbreviations: DASH = Disabilities of the Arm, Shoulder 
and Hand; k-nn = k-nearest neighbors; LSSVM = least squares 
support vector machines; RMS = root mean square; sEMG = 
surface electromyography; SVM = support vector machines; 
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These control problems contribute to the scarce capabili-
ties and limited acceptance of surface electromyography 
(sEMG) prostheses [1]. Recently, a clinically deployed 
pattern-recognition system was introduced commercially 
(http://www.coaptengineering.com/). The system relies 
on improvements similar to the ones that have been 
described in the scientific literature [2–12]. Most of these 
methods rely on the use of several electrodes to record 
the myoelectric signals from the residual limb and pattern 
recognition algorithms to classify the movement that the 
subject aims to perform.
However, there are still several questions in the field 
that remain unsolved. First, most of the scientific investi-
gations do not translate into a general description of the 
problem. There is no clear understanding of all the fac-
tors involved and of how several factors (such as clinical 
parameters, surgical procedures, electrode positioning, 
signal features, and classification method) interact. Thus, 
given a patient with a specific clinical situation, it is not 
clear which approach described in literature would lead 
to the best performance. The acquisition protocols 
described in the literature are heterogeneous and often 
not comparable; the data are usually not publicly avail-
able, and the clinical parameters of the subjects are con-
sidered in only a few studies. Thus, the results of the 
analyses (as well as the relationship with clinical parame-
ters) usually cannot be compared. Second, the data sets 
are usually small, both considering the number of sub-
jects [13] and the number of movements [5]. Third, 
despite a few articles addressing single problems, it is so 
far unknown how clinical parameters related to the 
amputation (e.g., remaining forearm percentage, phan-
tom limb sensation, use of prostheses [7]) and physiolog-
ical phenomena (e.g., cortical reorganization [14]) 
interact and affect the natural control capability of the 
prosthesis.
Excellent results have been obtained by targeted 
muscular reinnervation [9], but this technique is invasive. 
In a few noninvasive studies, the authors were able to 
obtain classification accuracies greater than 90 percent 
for specific subjects with transradial amputation [2,7], 
but average accuracies are usually below 80 to 90 percent 
for fewer than 20 movements [8]. Moreover, the studies 
sometimes present unbalanced classification results (i.e., 
with an unequal distribution of elements between classes) 
and include rest (which is usually repeated more fre-
quently than other movements and classified with very 
high accuracy) in the analysis. Most standard learning 
algorithms expect balanced class distributions or equal 
misclassification costs. Therefore, they can fail to prop-
erly represent the characteristics of the data when dealing 
with imbalanced data sets [15] and obfuscate real perfor-
mance in distinguishing between movements.
An important shortcoming of all of the mentioned 
aspects is that very few studies have evaluated the statis-
tical relationships between classification accuracy and 
clinical variables of subjects with transradial amputation. 
One of the few relevant articles in this field describes dif-
ferences in control accuracy based on the type of prosthe-
sis regularly used [7]; however, to the best of our 
knowledge, there are no studies considering the effects of 
most of the clinical parameters (including remaining 
forearm percentage, phantom limb sensation intensity, or 
time since amputation).
The NinaPro project (Non-Invasive Adaptive Hand 
Prosthetics; http://ninaweb.hevs.ch/) aims to help the sci-
entific community overcome the problems with sEMG-
controlled hand prosthetics through the creation of a 
benchmark database to evaluate machine learning algo-
rithms for hand prosthesis control [16].
In this study, we analyzed the relationship between 
clinical parameters related to the amputation and the clas-
sification accuracy of the sEMG signals. The movement 
classification accuracies were analyzed for 11 subjects 
with transradial amputation who were performing 40 hand
and wrist movements (plus rest) using 9 state-of-the-art 
machine-learning classifiers and 5 feature groups 
extracted from the signals; moreover, for each subject, 
we identified subsets of movements that were classified 
with greater than 90 percent accuracy, which can lead to 
high-quality control of a dexterous robotic hand with suf-
ficient flexibility.
The analysis of the clinical parameters in relation to 
the classification of sEMG signals revealed interesting 
significant relationships between the capability to recog-
nize movements in subjects with amputation and remain-
ing forearm percentage, phantom limb sensation, and 
time since amputation. To our knowledge, such relation-
ships have not been previously described. Thus, they 
open the field to possible interpretations that could 
improve the knowledge of the clinical parameters and 
their exploitation. In particular, these results can increase 
the quality of life and the prognosis for subjects with 
transradial amputation because modern prostheses can be 
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of the subjects.
METHODS
Subjects
Eleven subjects with transradial amputation partici-
pated in this study. The subjects completed a question-
naire that included generic parameters (age, sex, height, 
weight, and handedness) and a detailed assessment of the 
clinical parameters related to the amputation (phantom 
limb sensation and phantom limb pain). To facilitate the 
participants’ understanding of the pain categories, we 
described the types of pain and sensation in the following 
ways: “phantom limb” was defined as the portion of the 
limb that was amputated or missing; “nonpainful phan-
tom limb sensations” were defined as sensations in the 
missing (phantom) limb that were not painful (e.g., the 
feeling that the missing hand is wrapped in cotton); and 
“phantom limb pain” referred to painful sensations in the 
phantom limb. The questions included side, level, date, 
and reason for amputation; forearm circumference; inten-
sity and type of phantom limb sensation; presence of 
phantom limb pain; suffering due to phantom limb pain; 
use of prostheses (cosmetic, kinematic, myoelectric; 
years of use and daily use); and Disabilities of the Arm, 
Shoulder and Hand (DASH) score [17]. The average 
intensity of the phantom limb sensation was assessed on 
a 6-point numerical rating scale (0 = no sensation; 5 = 
sensation as strong as it could be). As suggested by the 
Chronic Pain Grade [18], a 3 to 6 mo recall period was 
used to assess average phantom limb sensation and pain 
intensity.
The subjects with amputation were all males with an 
average age of 42.36 ± 11.96 yr. All subjects except one 
were originally right handed. The amputated forearm is 
the right one in seven cases, the left one in three cases, 
while one subject underwent bilateral forearm amputa-
tion. All subjects were amputated because of traumatic 
injury, except one that was amputated because of a tumor. 
The remaining forearm percentage of the subjects is rep-
resented in Figure 1.
The experiment was conducted according to the prin-
ciples expressed in the Declaration of Helsinki, and it 
was approved by the Ethics Commission of the Canton of 
Valais (Switzerland). All participants signed an informed 
consent form. The study with the highest number of sub-
jects with amputation before this project included only 
six subjects [8]. The data recorded from the 11 subjects 
with transradial amputation are publicly available from 
the NinaPro database [19] (http://ninapro.hevs.ch).
Acquisition 
Figure 1.
Remaining forearm percentage of subjects with amputation. S = 
subject.
Protocol
The data are included in the third NinaPro database 
and were acquired according to the final version of the 
NinaPro acquisition protocol, which is thoroughly 
described elsewhere [19]. During the acquisition, the 
subjects were asked to mimic the movements shown on 
the screen of a laptop with the missing limb as naturally 
as possible (Figure 2) [1]. The experiment included
6 repetitions of 40 movements and 9 force patterns (Fig-
ure 3) [20]. The movements were selected from the most 
recent hand taxonomy and robotics literature [4,13,21–
25] in order to allow performance of most of the activi-
ties needed in daily life. Each movement repetition lasted 
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ered in the analysis).
The electrodes were positioned as shown in Figure 2:
eight electrodes were equally spaced around the forearm at
the height of the radio-humeral joint, two electrodes were 
placed on the main activity spots of the flexor digitorum 
Figure 2.
Acquisition setup and acquisition procedure of the experiment. 
sEMG = surface electromyography.
superficialis and the extensor digitorum superficialis 
muscles [16], and two electrodes were placed on the main 
activity spots of the biceps brachii and the triceps brachii 
muscles. The described locations were chosen in order to 
combine two positioning strategies widely used in the 
field (i.e., dense sampling [5–6,26] and precise anatomi-
cal positioning [27–28]). The positioning of electrodes on 
the upper arm is not common in the literature, but it can 
be helpful to improve the classification accuracy, in par-
ticular to include multimodal data in subjects with a low 
percentage of the forearm remaining. In two cases (sub-
jects 6 and 7), the number of electrodes was reduced to 
10 because of insufficient space. In one case (subject 7), 
the electrodes were placed on the border of the residual 
limb, with the aim of acquiring all the possible sEMG 
activity from the remnant muscles. This is obviously not 
optimal, but it was the only feasible approach for this 
particular subject.
The experiment was divided into one training session 
and three exercise sessions that addressed different types 
of movements, interrupted by rest time to avoid muscular 
fatigue. Three subjects asked to interrupt the experiment 
before its end because of fatigue or pain. In only one case 
was the number of movements less than the ideal number 
of movements considered in this study (38 movements) 
(Table 1).
Data Analysis
Feature Extraction and Classification
Our aim in selecting the algorithms we used was to 
offer a broad analysis of the relationships between clini-
cal parameters and the natural control capabilities of 
robotic hand prostheses by people with transradial ampu-
tation. The classification procedure was relatively standard
for the field; it followed the guidelines of Englehart and 
Hudgins [29] and consisted of preprocessing, windowing, 
feature extraction, and classification, performed as 
described in Atzori et al. [19].
The choice of window length trades the balance 
between prediction delays and classification accuracy 
[30]. Since, in this work, we were primarily interested in 
classification accuracy, we chose a relatively long win-
dow length of 400 ms. Furthermore, it is important to 
realize that window length is not identical to prediction 
delay, and previous studies in the NinaPro database have 
shown that the delay in predicting the correct movement 
for this window length is not necessarily much higher 
than with shorter window lengths [20].
Four movement repetitions were used to generate the 
training features [1,3–4,6], while the remaining two were 
used to create the test set [2,5]. The classification was 
performed on the kinematics of the movements shown in 
Figure 3 [19], and it was balanced according to the num-
ber of movement repetitions through random undersam-
pling. It has been demonstrated that the success of an 
sEMG pattern-recognition system strongly depends upon 
the choice of the signal features used to represent it [30]. 
Moreover, different signal features often have different 
computational requirements, and they can highlight dif-
ferent characteristics of the signal (also in relationship to 
clinical characteristics). Thus, we considered 5 signal 
features extracted from the signals and 9 classification 
methods, selected based on popularity, previous applica-
tion to sEMG [20,29,31], and approach diversity. In sev-
eral cases, the features can be referred to as feature sets 
rather than features, and they include the combination of 
all features as well. Root mean square (RMS) is probably 
the most commonly used feature representation for 
sEMG signals. RMS is easily implementable, and under 
ideal conditions, it has a quasi- or curvilinear relationship 
between its value and the force exerted by a muscle [27]. 
Waveform length (WL) measures the length of a given 
waveform, which is also a measure of the signal com-
plexity. WL was proven to be a robust and efficient fea-
ture for analysis of sEMG [32], and it was already 
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List of analyzed movements.
applied in the NinaPro database [31]. sEMG histogram is 
the histogram of the time window given a predefined
number of bins [33]. This feature has previously demon-
strated excellent movement classification performance on 
sEMG [31,33]. The upper and lower thresholds of the 
standardized sEMG were set to three standard deviations. 
The total number of bins was 20 and the extremal ones 
were defined to capture the outliers, leading to the fol-
lowing edges: [–, 3, ..., +3, +]. The marginal Dis-
crete Wavelet Transform uses a wavelet basis function to 
decompose the signal at several resolution levels, leading to
a frequency-time representation that is high-dimensional. 
In order to reduce the dimensionality of the feature, only 
the marginals of the decomposition levels were kept [34]. 
After preliminary tests on our data, we decided to use 
marginal coefficients up to the third level obtained with 
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Clinical characteristics of subjects with amputation.
Subject Handedness Amputated Hand(s)
Amputation 
Cause
Remaining 
Forearm 
(%)
Yr Since 
Amputation
Phantom 
Limb 
Sensation
DASH 
Score
Performed 
Movement
Analyzed 
Movement
Used 
Electrode
1 R R A 50 13 2 1.67 39 29 12
2 R L A 70 6 5 15.18 50 40 12
3 R R A 30 5 2 22.50 49 40 12
4 R R & L A 40 1 1 86.67 50 40 12
5 L L A 90 1 2 11.67 50 40 12
6 R L A 40 13 4 37.50 50 40 10
7 R R A 0 7 0 31.67 50 40 10
8 R R A 50 5 2 33.33 50 40 12
9 R R A 90 14 5 3.33 50 40 12
10 R R A 50 2 5 11.67 43 40 12
11 R R C 90 5 4 12.50 50 40 12
Group 1 10 R 8 R 9 A — — — — — — —
Group 2 1 L 4 L 1 C — — — — — — —
Mean — — — 54.55 6.55 2.91 24.33 48.27 39.00 11.64
SD — — — 28.41 4.78 1.76 23.87 3.72 3.32 0.81
A = accident; C = cancer; DASH = Disabilities of the Arm, Shoulder and Hand; L = left; R = right; SD = standard deviation.
the seventh-order Daubechies wavelet [34]. The fifth fea-
ture was computed as the normalized concatenation of 
the others [35].
 The classifiers we used are well known and have 
been applied in other application domains of machine 
learning, including sEMG analysis. They include least 
squares support vector machines (LSSVM) (radial basis 
function kernel: hyperparameters tuned for each subject 
by grid search with 10-fold cross-validation) [36]; ran-
dom forests (100 decision trees) [37]; support vector 
machines (SVM) (radial basis function kernel: hyperpa-
rameters tuned for each subject by grid search with 5-fold 
cross-validation) [38]; discriminant analysis (linear, 
naive Bayes linear, quadratic, naive Bayes quadratic, 
Mahalanobis) [39]; and k-nearest neighbors (k-nn) 
[1,15,40]. Only low-dimensional features (RMS, WL) 
were used with quadratic, naive Bayes quadratic, and 
Mahalanobis discriminant analysis because of computa-
tional issues (i.e., singular covariance matrix).
Highly Independent Movements
Highly independent movements are defined as “a 
subset of movements that can be classified with accuracy 
above 90%” [41]. The maximum number of highly inde-
pendent movements allows us to evaluate the classifica-
tion accuracies that can be reached with the same 
procedure on less complex tasks. Moreover, it gives an 
intuitive idea of the number of movements that could be 
controlled on a robotic hand prosthesis with enough 
accuracy without training (after a longer training time, 
we expect results to improve significantly). The analysis 
includes in order: a one-way multivariate analysis of 
variance on the training data set, the creation of a hierar-
chical cluster tree of the movements, the selection of sub-
sets with increasing number of movements from the 
nodes of the tree, the classification of each subset of 
movements (the classification procedure with k-nn algo-
rithm, RMS, and WL features was chosen according to 
computation time and memory needs; thus, we expect 
results to improve using several other classifiers), and the 
selection of the largest subset of movements with accu-
racy greater than 90 percent.
Statistical Analysis
The effect of clinical parameters on the results was 
evaluated by separately fitting the classification accuracy 
and independent movements computed with each classi-
fier and each feature. Several model functions were 
tested, including linear functions, logarithmic functions, 
and the following monotonically increasing function (a > 
0, b > 0):
                              F(x)  axb  c .                        (1)
The quality of the fit was evaluated by a Lilliefors test. 
Linear regression was applied on the transformed data, 
and the statistical significance of the results was evalu-
ated with an F test.
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Movement Recognition
The highest average classification accuracy was 
obtained by SVM (45.19% ± 14.75%), random forests 
(44.26% ± 14.57%), and LSSVM (43.17% ± 14.48%), 
considering all the features together. The accuracy of all 
methods decreased by up to 4 percent when only one fea-
ture was considered; however, this reduced computation 
time if one-dimensional features (such as RMS and WL) 
were considered. The classification accuracy differed 
strongly between subjects: the worst result was 6.16 per-
cent (less than 3 times the 2.5% chance level over 40 
movements), while the best was 63.5 percent (more than 
25 times the chance level). The average number of highly 
independent movements was 6.64 ± 3.32 with k-nn and 
RMS and 6.72 ± 3.31 with k-nn and WL. The number of 
highly independent movements varied strongly among 
subjects, from a minimum of 2 to a maximum of 11 
movements. It should be noted that different subsets of 
movements can be selected on the basis of other parame-
ters, such as the functional usefulness of the movements.
Clinical Parameter Effects on Movement Recognition
The classification accuracy and the number of inde-
pendent movements increased significantly with phan-
tom limb sensation intensity (p < 0.05 in 100% of 
models: i.e., in 36 cases for accuracy and in 2 cases for 
number of independent movements; each model is com-
puted for a unique combination of classifier and signal 
feature) (Figure 4(a)–(b); Table 2). The best fit was 
obtained in both cases with the function described in 
Equation 1 (respectively: a = 25.9 ± 13.9, b = 0.34 ± 
0.21, c = 2.9 ± 6.35, R2 = 0.63 ± 0.06; a = 2.96 ± 0.18, b =
0.55 ± 0.02, c = 1.74 ± 0.09, R2 = 0.43 ± 0.01). Consider-
ing subject 7 (0% of forearm remaining) as an outlier, the 
best fit was obtained with a logarithmic function. For 
classification accuracy, this result was significant (p < 
0.05) in 22.2 percent of the models, while it showed a 
nonsignificant trend (p < 0.1) in 36.1 percent of the models.
In most cases, the classification accuracy increased 
significantly with increased percentage of forearm 
remaining (p < 0.05 in 83.3% of analyzed models) (Fig-
ure 4(c); Table 2). Again, the best fit was obtained with 
the function in Equation 1 (a = 5.87 ± 3.36, b = 0.43 ± 
0.14, c = 9.2 ± 3.25; R2 = 0.48 ± 0.14). Considering sub-
ject 7 (0% of forearm remaining) as an outlier, the best fit 
was obtained with a logarithmic function; this result was 
significant (p < 0.05) in 5.6 percent of models, while it 
showed a nonsignificant trend (p < 0.1) in 25 percent of 
the models. In 67 percent of the cases, the number of 
highly independent movements showed an increasing 
trend versus remaining forearm percentage (p < 0.1). 
Considering subject 7 (0% of forearm remaining) as an 
outlier, the classification accuracy and the number of 
independent movements increased significantly with 
time since amputation (p < 0.05 in 100% of models for 
accuracy; p < 0.01 in two models for highly independent 
movements) (Figure 4(e)–(f); Table 2). The results were 
obtained with linear fits (respectively: slope = 1.45 ± 0.25, 
intercept = 27.75 ± 8.01, R2 = 0.60 ± 0.09; slope = 0.577 ±
0.008, intercept = 3.40 ± 0.02, R2 = 0.88 ± 0.03). Similar 
trends were also obtained when subject 7 was included in 
the analyses; however, often with evidence for rejecting 
the null hypothesis of normality of the residuals.
In one case, the number of highly independent move-
ments significantly decreased with increasing DASH 
score (p < 0.05) according to a logarithmic function. 
Regression analysis was also performed on the other clin-
ical parameters, but no other significant dependencies 
were found among the parameters in Figure 5 and Table 2.
In addition, no significant relationships were obtained 
considering unbalanced classification results.
DISCUSSION
Currently, myoelectric prostheses enable subjects 
with transradial amputation to perform few movements 
using pattern-recognition techniques. In recent years, the 
scientific literature (and one commercial product) have 
proposed significant improvements over the conventional 
myoelectric control strategy. These results can be improved
further by considering a description of the problem that 
includes the effect of clinical parameters related to the 
amputation.
In this article, we analyzed the largest database of 
sEMG recordings of hand movements performed by sub-
jects with transradial amputation, focusing on the rela-
tionship between clinical parameters and movement 
classification accuracy. The database is publicly avail-
able, and we hope that it will lead to further improve-
ments in techniques by permitting worldwide research 
groups to test new machine learning algorithms on the 
same data in the same setting. The analysis of the data-
base reveals interesting results that can potentially 
improve the quality of life and the prognosis of subjects 
with transradial amputation.
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Dependency of ((a), (c), (e)) average classification accuracy and ((b), (d), (f)) highly independent movements on clinical parameters. 
The central mark in the boxes is the median; the edges of the box are the 25th and 75th percentiles; the whiskers extend to approx-
imately 2.7 times the standard deviation. The "X" and cross markers represent the number of highly independent movements 
obtained using k-nearest neighbor with root mean square (cross markers) and waveform length ("X" markers) for each subject. The 
continuous fit line and the (first, when there are more than one) formula represent the fit average results with all the data. The dotted 
fit line and the (second, when there are more than one) formula represent the average fit without outliers.
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Statistical significance analysis for the relationship between classification accuracy and clinical parameters with each classifier-feature 
combination. In bold: p < 0.05; in bold and italic: 0.05 < p < 0.1.
Classification Accuracy Phantom Limb Sensation*
Phantom Limb 
Sensation†
Remaining Forearm 
Percentage*
Remaining Forearm 
Percentage†
Yr Since
Amputation†
Classifier Feature LT R2 LR LT R2 LR LT Fit R2 LR LT R2 LR LT Fit R2 LR
SVM All 0.267 0.700 0.001 0.500 0.289 0.109 0.500 0.686 0.001 0.500 0.338 0.078 0.500 0.557 0.013
HIST 0.107 0.636 0.003 0.097 0.266 0.127 0.500 0.663 0.001 0.500 0.360 0.067 0.500 0.489 0.024
RMS 0.500 0.663 0.002 0.500 0.220 0.172 0.500 0.433 0.004 0.500 0.108 0.354 0.114 0.773 0.001
WL 0.473 0.706 0.001 0.500 0.201 0.194 0.500 0.560 0.001 0.500 0.195 0.202 0.500 0.680 0.003
mDWT 0.500 0.685 0.002 0.500 0.269 0.125 0.500 0.532 0.003 0.500 0.206 0.187 0.339 0.701 0.003
LSSVM All 0.455 0.680 0.002 0.500 0.284 0.113 0.500 0.642 0.001 0.500 0.247 0.144 0.500 0.629 0.006
HIST 0.204 0.625 0.004 0.435 0.272 0.122 0.500 0.599 0.002 0.225 0.356 0.069 0.500 0.580 0.011
RMS 0.500 0.647 0.003 0.500 0.232 0.159 0.500 0.386 0.006 0.500 0.206 0.187 0.500 0.745 0.001
WL 0.170 0.660 0.002 0.214 0.170 0.236 0.500 0.523 0.002 0.476 0.208 0.185 0.500 0.655 0.005
mDWT 0.500 0.632 0.003 0.500 0.233 0.157 0.500 0.527 0.004 0.500 0.272 0.122 0.500 0.686 0.003
Random Forests All 0.463 0.684 0.002 0.351 0.239 0.151 0.500 0.632 0.002 0.281 0.388 0.054 0.500 0.677 0.003
HIST 0.312 0.664 0.002 0.500 0.246 0.145 0.500 0.649 0.001 0.442 0.456 0.032 0.500 0.568 0.012
RMS 0.446 0.698 0.001 0.500 0.313 0.093 0.500 0.596 0.003 0.500 0.113 0.343 0.500 0.720 0.002
WL 0.500 0.676 0.002 0.500 0.220 0.171 0.500 0.557 0.002 0.500 0.203 0.191 0.500 0.672 0.004
mDWT 0.500 0.669 0.002 0.341 0.256 0.135 0.500 0.614 0.002 0.353 0.173 0.232 0.380 0.641 0.005
k-nn All 0.076 0.622 0.004 0.149 0.285 0.112 0.500 0.580 0.003 0.072 0.090 0.399 0.500 0.583 0.010
HIST 0.039 0.611 0.005 0.129 0.276 0.119 0.500 0.615 0.002 0.030 0.120 0.326 0.500 0.520 0.019
RMS 0.500 0.621 0.004 0.500 0.240 0.151 0.500 0.416 0.008 0.014 0.030 0.633 0.075 0.762 0.001
WL 0.500 0.646 0.003 0.500 0.204 0.190 0.500 0.514 0.004 0.090 0.037 0.593 0.500 0.708 0.002
mDWT 0.500 0.636 0.003 0.500 0.272 0.122 0.500 0.571 0.003 0.047 0.119 0.330 0.500 0.582 0.010
Linear HIST 0.056 0.627 0.004 0.077 0.397 0.051 0.500 0.527 0.006 0.138 0.164 0.245 0.500 0.517 0.019
RMS 0.144 0.587 0.006 0.239 0.364 0.065 0.494 0.135 0.049 0.123 0.202 0.192 0.500 0.571 0.011
WL 0.391 0.613 0.004 0.489 0.370 0.062 0.321 0.163 0.035 0.350 0.192 0.205 0.500 0.548 0.014
mDWT 0.311 0.599 0.005 0.500 0.274 0.120 0.500 0.230 0.016 0.500 0.363 0.065 0.344 0.653 0.005
Naive Bayes Linear HIST 0.237 0.478 0.018 0.255 0.399 0.049 0.182 0.459 0.118 0.500 0.422 0.042 0.500 0.473 0.028
RMS 0.500 0.482 0.018 0.500 0.399 0.049 0.213 0.469 0.101 0.389 0.121 0.325 0.500 0.426 0.041
WL 0.002 0.502 0.015 0.006 0.442 0.036 0.022 0.304 0.201 0.500 0.161 0.251 0.500 0.477 0.027
mDWT 0.015 0.499 0.015 0.024 0.407 0.047 0.105 0.403 0.155 0.500 0.323 0.087 0.500 0.513 0.020
Quadr. RMS 0.295 0.615 0.004 0.363 0.279 0.116 0.500 0.529 0.005 0.405 0.002 0.893 0.179 0.697 0.003
WL 0.370 0.641 0.003 0.348 0.287 0.110 0.500 0.584 0.003 0.500 0.010 0.786 0.171 0.636 0.006
Naive Bayes Quadr. RMS 0.373 0.604 0.005 0.500 0.530 0.017 0.232 0.278 0.063 0.500 0.057 0.506 0.500 0.511 0.020
WL 0.291 0.667 0.002 0.500 0.577 0.011 0.096 0.338 0.035 0.500 0.198 0.198 0.500 0.471 0.028
mDWT 0.500 0.681 0.002 0.500 0.565 0.012 0.383 0.341 0.030 0.500 0.261 0.131 0.279 0.499 0.022
Mahal. RMS 0.500 0.596 0.005 0.500 0.312 0.093 0.500 0.447 0.011 0.500 0.229 0.162 0.500 0.742 0.001
WL 0.500 0.637 0.003 0.500 0.289 0.109 0.500 0.580 0.004 0.399 0.250 0.141 0.500 0.659 0.004
Independent Movements
Phantom Limb 
Sensation*
Phantom Limb 
Sensation†
Yr Since 
Amputation† DASH Score
*
LT R2 LR LT R2 LR LT R2 LR LT R2 LR
k-nn RMS 0.240 0.423 0.030 0.500 0.277 0.118 0.218 0.858  <103 0.500 0.237 0.061 — — —
WL 0.332 0.437 0.027 0.350 0.306 0.097 0.351 0.904  <103 0.349 0.37 0.047 — — —
*All data.
†Without subject 7.
DASH = Disabilities of the Arm, Shoulder and Hand; HIST = histogram; k-nn = k-nearest neighbors; LR = linear regression (p-value); LSSVM = least squares support vector 
machines; LT = Lilliefors test (p-value); Mahal. = Mahalanobis; mDWT = marginal Discrete Wavelet Transform; Quadr. = quadratic; RMS = root mean square; SVM = sup-
port vector machines; WL = waveform length.
Movement Recognition
Depending on the characteristics of the subjects in 
our sample, we found that it was possible to reach up
to 63.5 percent balanced accuracy in the recognition of 
40 movements. This result is much lower than what can 
be found in other studies, but in our case the chance level 
is a mere 2.5 percent because of the high number of classes
(movements) considered. In particular, the ratio between 
the accuracy and the chance level in our result (25.4) is 
higher than in previous studies described in the literature 
for similar tasks, for example, 8.5 (10 movements, accu-
racy 84.4% [6]) or 10.56 (12 movements, accuracy 
87.8% [5]). An extended explanation of this together 
with a direct comparison of the classification results with 
previous work in a similar setting is described in Atzori 
et al. [19].
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Figure 5.
Dependency of (a) average classification accuracy and (b) highly independent movements on the Disabilities of the Arm, Shoulder 
and Hand (DASH) score. The central mark in the boxes is the median; the edges of the box are the 25th and 75th percentiles; the 
whiskers extend to approximately 2.7 times the standard deviation. The "X" and cross markers represent the number of highly inde-
pendent movements obtained using k-nearest neighbor with root mean square (cross markers) and waveform length ("X" markers) 
for each subject. The continuous fit line and the first formula represent the fit average results with all the data. The dotted fit line and 
the second formula represent the average fit without outliers.
 it is possible to find up to
11 highly independent movements in three subjects and, 
that for a few movements, very high classification accu-
racy is possible through training the control system rather 
than the subjects. In particular, this strategy can be applied 
in a practical setting to make subjects with transradial 
amputation able to naturally control an average of 6 move-
ments, a number sufficient for most everyday tasks, for 
robotic, dexterous hand prostheses with no prior experi-
ence. If needed, a longer training of both the patient and 
the system could further improve the results; in addition, 
most of the subjects reported at the end of the acquisition 
that they had increased their ability to reproduce the 
movements.
Effects of Clinical Parameters on Movement 
Recognition
The classification accuracy and the number of inde-
pendent movements seem to depend mainly on three 
parameters: phantom limb sensation intensity, remaining 
forearm percentage, and time since amputation. This 
result proved to be significant in both cases for phantom 
limb sensation intensity (Figure 4(a)–(b)), denoting sig-
nificant interaction between the clinical condition of the 
subjects and the ability to control remnant muscles. This 
information can help clarify the (still unclear) nature of 
this syndrome, which is strongly related to phantom limb 
pain [42] and affects more than 70 percent of persons 
with amputation [43].
The significant dependence of classification accuracy 
on the remaining forearm percentage (Figure 4(c)) seems 
reasonable considering that the percentage of remaining 
muscles depends strictly on the percentage of remaining 
forearm. This result can seem obvious, but it has not been 
described in literature previously and it contributes to the 
importance of considering muscular flaps as possible 
input sources for multiple sensors.
Both the classification accuracy and the number of 
independent movements increased with time since ampu-
tation (Figure 4(e)–(f)). This result shows that the subjects
are still capable of controlling the muscles despite the 
cortical reorganization that takes place after amputation, in 
accordance with what is described for the somatosensory
path [14,44]. Moreover, this result demonstrates that 
even subjects who underwent amputation decades ago 
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terous prostheses.
Despite the number of subjects in this study being 
relatively high compared with other studies, in an abso-
lute sense it is not. The decision of including subject 7 
(0% of forearm remaining) in the analysis was driven by 
the idea of not removing an important data point as well 
as to give a better perspective on all the levels of amputa-
tion. However, we should note that when considering the 
subject as an outlier, the percentage of significant results 
decreased. This fact suggests that the presented results 
should be discussed in future studies performed on a 
higher number of subjects.
Clinical Implications
Amputation of the upper limb is one of the most 
severely impairing injuries: clinical implications of these 
outcomes are substantial and have the potential to 
improve the quality of life and prognosis for these 
patients by improving the rehabilitation capabilities 
offered by modern prostheses.
The relationship between movement classification 
accuracy and phantom limb sensation suggests that 
amputated subjects with high phantom limb sensation 
can control the remnant muscles of the amputated hand 
better than people with low phantom limb sensation. The 
reasons behind this result should be explored in future 
studies. To our knowledge, this result has never been 
observed before; thus, it can contribute to improving 
knowledge of phantom limb sensation, which still has an 
unclear etiology.
The significant relationships between classification 
accuracy and phantom limb sensation, remaining forearm 
percentage, and time since amputation can contribute to 
identifying surgical guidelines that optimize the expected 
control capabilities of modern adaptive prostheses. Cur-
rently tailored to adapt to standard prosthetic devices, 
“conservative” amputations and reconstructive surgical 
strategies can be improved to better integrate with dexter-
ous functional prosthetic hands using current machine 
learning approaches and the most efficient rehabilitation 
programs in the near future. Integration with an advanced 
prosthesis can be the first step in the treatment of a 
patient with an amputated arm, rather than the final step. 
The three identified relationships suggest that muscular 
flaps are likely to evolve from being only soft tissue cov-
erage and material for fitting the residual limb to acting 
as a highly specific and sophisticated input source of data 
for sEMG learning hand prostheses (“functional amputa-
tion”). Such procedures can be as effective as targeted 
muscle reinnervation, while being at the same time less 
invasive, in particular considering the positive effect of 
time on the movement recognition capabilities. Consis-
tently, being less dependent on individual training, reha-
bilitative strategies are expected to achieve higher 
performance and a more intuitive control of reasonably 
complex tasks. This approach can also target economic 
limits or lack of available rehabilitative resources, affect-
ing a larger percentage of patients, including those unable 
to obtain adequate rehabilitative assistance for physical 
reasons (presence of exercise-related fatigue and pain, 
lack of patient compliance, presence of phantom limb 
syndrome) who could benefit from these advances.
CONCLUSIONS
The amputation of the upper limb is one of the most 
severely impairing injuries. As described in the scientific 
literature, sEMG is a promising method to control nonin-
vasive, dexterous, robotic prosthetic hands. The applica-
tion of machine learning to the analysis of sEMG is 
promising and recently has been applied in practice, but 
many questions still remain because of the heterogeneity 
of the studies and lack of data. This fact contributes to the 
lack of studies analyzing the effects of clinical parame-
ters, which can improve rehabilitation of the patients.
In this article, we analyzed the largest (publicly 
available) database of sEMG recordings of hand move-
ments performed by subjects with amputation, focusing 
on the relationship between clinical parameters and 
movement classification accuracy. We found that there 
are significant relationships between movement recogni-
tion performance and clinical parameters, such as phan-
tom limb sensation intensity, amputation level, and time 
since amputation. The number of subjects is high com-
pared with other studies; however, it is not high in abso-
lute terms. This fact suggests that the presented results 
should be discussed in future studies performed on a 
higher number of subjects.
In any case, the proposed analyses have the potential 
to improve quality of life and prognosis for subjects with 
amputation in two main ways. First, the prostheses can be 
improved and adapted to the clinical characteristics of the 
subjects. Second, the relationship between movement 
classification accuracy and the three clinical parameters 
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JRRD, Volume 53, Number 3, 2016can contribute to identifying surgical guidelines for “func-
tional amputation” procedures aimed at optimizing pros-
thesis integration and improving rehabilitative capabilities.
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